2 Introduction: Minor QTLs mining has a very important role in genomic selection, pathway analysis and 3 trait development in agricultural and biological research. Since most individual loci contribute little to 4 complex trait variations, it remains a challenge for traditional statistical methods to identify minor QTLs 5 with subtle phenotypic effects. Here we applied a new framework which combined the GWAS analysis 6 and machine learning feature selection to explore new ways for the study of minor QTLs mining. 7 Results: We studied the soybean branching trait with the 2,137 accessions from soybean (Glycine max) 8 diversity panel, which was sequenced by 50k SNP chips with 42,080 valid SNPs. First as a baseline 9 study, we conducted the GWAS GAPIT analysis, and we found that only one SNP marker significantly 10 associated with soybean branching was identified. We then combined the GWAS analysis and feature 11 importance analysis with Random Forest score analysis and permutation analysis. Our analysis results 12 showed that there are 36,077 features (SNPs) identified by Random Forest score analysis, and 2,098 13 features (SNPs) identified by permutation analysis. In total, there are 1,770 features (SNPs) confirmed by 14 both of the Random Forest score analysis and the permutation analysis. Based on our analysis, 328 15 branching development related genes were identified. A further analysis on GO (gene ontology) term
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Introduction
26
In molecular genetics research, a remaining challenge in quantitative trait studies is the efficient 27 mapping of minor quantitative trait loci (QTLs) to identify causative genes and understand the genetic 28 basis of variation in quantitative traits [1] . Because the subtle influence on the phenotype of minor QTLs 29 is easily masked by epistasis [2] and gene-environment interactions [3] , minor QTLs are more difficult to 30 be detected and analyzed. Because of this, a large fraction of the genetic architecture of most complex 31 traits is not well understood [4, 5, 6] . Currently, almost all of genes or QTLs that have been verified were 32 major effect ones, and the minor effect QTLs were less investigated. Several different methods have been 33 reported to identify minor QTLs，but many of these strategies have had poor success rates [7, 8, 9] . To 34 improve the situation, some of these studies were based on expensive experimental data from large 
37
QTL-mapping algorithm based on statistical machine learning methods better estimates of QTL 38 effects, because it eliminates the optimistic bias in the predictive performance of other QTL methods. It 39 produces narrower peaks than other methods and hence identifies QTLs with greater precision [17] . Two 40 machine-learning algorithms (Random Forest and boosting) have been used to analyze discrete traits in a 41 genome-wide prediction context. It was found out that Random Forest and boosting do not need an 42 inheritance specification model and may account for non-additive effects without increasing the number 43 of covariates in the model or the computing time [18] . This study shows some advantages in the use of 44 machine learning methods to analyze discrete traits in genome-wide prediction. Random Forest was 45 shown to outperform other methods in the field datasets, with better classification performance within and 46 across datasets. Even when tested with the main QTLs for several traits in different chromosomes, Random Forest was able to identify them, but it failed to detect significant associations when the variance 48 explained by the QTL is low [19] .
49
Besides physical QTLs mapping, machine learning methods are also used on eQTL(Expression 50 quantitative trait loci) Mapping. By using combinations of methods, an approach that relies on Random
51
Forests and LASSO was developed and it achieved a much higher average precision at the cost of slightly corrections for kinship and population structure was applied. Three PCs generated from GAPIT were 89 included as covariates. The SNPs with a minor allele frequency (MAF) higher than 0.01 were used to 90 estimate the population structure and the kinship. Only SNPs with a MAF higher than 0.1 were used for 91 association tests. The cutoff of significant association was a False Discovery Rate (FDR) adjusted P-value 92 less than 0.1 using the Benjamini and Hochberg procedure to control for multiple testing. Significant
93
SNPs were defined if showing a minus log10-transformed P ≥ 3. SNPs with a genetic distance less 94 than 2 cM were considered to be in a LD extension block and belong to the same SNP cluster. 
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The gene names which SNPs hit to the same location (including CDS, UTR and intron) were collected for 117 GO (gene ontology) analysis. All the genes identified by BLAST were analyzed by GO term enrichment 118 tool at SoyBase website (https://soybase.org/goslimgraphic_v2/dashboard.php). The GO enrichment 119 information, related charts and gene location map were generated by GO term enrichment tool at SoyBase 120 website.
121
Results: 122
Genome Wide Association Study (GWAS) for soybean branching 123
A genome-wide association study (GWAS) of soybean branching was conducted with 42,080 124 SNP markers in the GAPIT (Genome Association and Prediction Integrated Tool) software using a mixed 7 125 -linear model (MLM). 3541 SNP markers with P-value less than 1.0 were identified. Among these 3541 126 markers, there are 18 markers with P-value less than 0.005, 32 markers with P-value less than 0.01 and 127 161 makers with P-value less than 0.05 (Table 1 . and Sup_Table1.). Associations between phenotypes and 128 genetic markers are displayed as Manhattan plots ( Fig. 1 ) and (Sup_Table1). P-values were displayed in 129 negative log scale with base of 10 (-log10 (P)) against the physical map positions of genetic markers. We 130 set a threshold of -log10 (0.1/42080) = 5.624 (42080 is the SNP marker numbers) to identify SNPs 131 significantly associated with a trait. In total of 161 which P-value is less than 0.05, only SNP marker 132 ss715607451 were significantly (-log10 (p) = 9.524328812) associated with soybean branching trait.
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Marker ss715632223 and ss715613636 with log10 (p) value at 4.634512015 and 4.554395797 134 respectively, are near to the threshold but not reach it ( Fig. 1; Sup_Table1) . In other words, by 135 the GAPIT analysis, only one SNP marker significantly associated with soybean branching was 136 identified. We also BLAST the 18 SNPs which P-value less than 0.005 in Soybase and five 137 annotated genes are found ( (SNPs) with P-value < 1 (69 positives and 77 negatives) (Fig. 2, Sup_Table4. ).
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To validate our feature importance analysis results, all 2137 samples characterized with 1170
173 identified SNPs were applied on the Elastic net regression analysis. Our results showed that the RMSE
174
(root mean square error) was 0.2813 and the R 2 value was 0.741. Compare to the Elastic net analysis on 9 175 data subsets from the GAPIT analysis, the accurate level close to the data set those with P-value <1. For
176
SNPs with P-value less than 1 in the GAPIT analysis, the RMSE value was 0.2601 and the R 2 value was 177 0.7810, but there were 3451 features (SNPs) applied (Table 2) . In other words, our results showed that 178 1770 features (SNPs) from feature selection could reach the same accuracy as the 3451 features (SNPs) 179 with P-value less than 1.0. The analysis showed that feature importance analysis could help lower the 180 feature size and increase the computation efficiency.
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Based on the above analysis, we searched all 1170 SNPs which were confirmed by both of
182
Random Forest score and Permutation analysis in soybean genome. We found that 328 SNPs hit the 183 annotated genes (Sup_Table4). To identify biological processes these 328 genes participate in, we further 184 applied the GO (gene ontology) term enrichment analysis for all of them. Our result showed that the 185 functional group for biological process, cellular component and molecular function were highly enriched 186 by most of these 328 genes (Fig. 3, 4 , and 5, Sup_Table5). In biological process, 66 genes (times) were 187 classified into 16 GO term classes and 14 genes had no specific GO term to assign (Fig. 3, Sup_Table5 ).
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In cellular component class, 388 genes (times) were classified into 18 GO classes and 14 genes had no 189 specific GO term to assign (Fig. 4, Sup_Table5) . In molecular function class, 264 genes (times) were 190 classified into 17 GO classes and 14 genes had no specific GO term to assign (Fig. 5, Sup_Table5 ). As is 191 common with GO analysis, some genes were classified differently under different GO terms 192 (Sup_Table5).
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Gene location mapping results showed that all of these 328 genes are scattered on chromosome 1 194 to chromosome 18. There were no branching related genes located in chromosome 19 and chromosome 195 20 (Fig. 6 ). The inquiry term "branching" was searched in Soybase and 35 genes were found 196 (Sup_Table4). To make a comparison, the location of these 35 genes were also marked on Fig. 6 . The 
Fig. 6. Gene location map
This shows the location of 328 genes, identified by our feature importance analysis. In soybase, there are 35 branching related genes were previously reported; For comparison, the 35 genes are also added to this map (marked by▼). Color coding is used in the genome viewer to differentiate each query in a multiple FASTA submission. The height of the colored indicators is proportional to the number of BLAST hits in that genomic bin.
